Maintenance work zones on the road network have impacts on the normal travelling of vehicles, which increase the risk of traffic accidents. The traffic characteristic analysis in maintenance work zones is a basis for maintenance work zone related research such as layout design, traffic control and safety assessment. Due to the difficulty in vehicle microscopic behaviour data acquisition, traditional traffic characteristic analysis mainly focuses on macroscopic characteristics. With the development of data acquisition technology, it becomes much easier to obtain a large amount of microscopic behaviour data nowadays, which lays a good foundation for analysing the traffic characteristics from a new point of view. This paper puts forward a method for expressing and displaying the vehicle behaviour distribution in maintenance work zones. Using portable vehicle microscopic behaviour data acquisition devices, lots of data can be obtained. Based on this data, an endpoint detection technology is used to automatically extract the segments in behaviour data with violent fluctuations, which are segments where vehicles take behaviours such as acceleration or turning. Using the support vector machine classification method, the specific types of behaviours of the segments extracted can be identified, and together with a data combination method, a total of ten types of behaviours can be identified. Then the kernel density analysis is used to cluster different types of behaviours of all passing vehicles to show the distribution on maps. By this method, how vehicles travel through maintenance work zones, and how different vehicle behaviours distribute in maintenance work zones can be displayed intuitively on maps, which is a novel traffic characteristic and can shed light to maintenance work zone related researches such as safety assessment and design method.
Introduction
Maintenance work zones gain much attention because their existences change the vehicle trajectories, reduce the travel stability, cause congestion and increase the risk of traffic accidents. How vehicles travel in maintenance work zones, how the layouts of work zones affect the travel of vehicles, and whether the maintenance work zones are safely placed are issues of great interest to researchers.
The traffic characteristic analysis in maintenance work zones is a basis for the researches mentioned above. Due to the difficulty in gathering vehicle microscopic behaviour data such as acceleration, traditional researches are mainly limited to macroscopic traffic characteristics like average speed, distance headway and volume [1] [2] [3] [4] . To gain a deeper understanding of the traffic characteristics in maintenance work zones and further improve the work related to maintenance work zones, there is a need to study from the point of view of the microscopic level. With the development of data acquisition technology, this kind of microscopic research becomes possible.
In this paper, portable vehicle microscopic behaviour data collection devices (PVMBDADs) are used, by which a large amount of microscopic behaviour data can be obtained. Based on the data, the behaviours of vehicles travelling through work zones are finely expressed and the distributions of vehicle behaviours are intuitively displayed on maps, which can show us a new point of view towards the traffic characteristics in maintenance work zones.
Vehicle behaviour refers to the reaction of the vehicle after the action of the driver and environment, such as linear accelerating, linear decelerating, and turning, et al. The goal of expressing vehicle behaviour is to characterise and distinguish different behaviours. As for an actual driving process, it is composed of several basic behaviour periods (stopping, linear accelerating, turning, et al.), as shown in Fig. 1 . One main work of this study is to express the basic vehicle behaviours. To be more specific, the following 10 kinds of vehicle behaviours are expressed in this research: (1) stopping, (2) straight line driving with constant speed (L&C), (3) linear accelerating (L&A), (4) linear decelerating (L&D), (5) turning left and accelerating (TL&A), (6) turning right and accelerating (TR&A), (7) turning left with constant speed (TL&C), (8) turning right with constant speed (TR&C), (9) turning left and decelerating (TL&D) and (10) turning right and decelerating (TR&D). Fig. 2 shows the different behaviours defined above. There are lots of vehicles running on the road network every day, under the impacts of maintenance work zones, vehicles behaviours will show a common pattern in space, such pattern is called vehicle behaviour distribution in this paper. For example, when travelling through work zones, maybe in the close upstream of the maintenance work zone most vehicles will decelerate there. The behaviour distribution is also an important characteristic of traffic flow. Studying the behaviour distribution characteristic will shed new light to maintenance work zone related researches.
The remaining part is organised as follows: Section 2 reviews some work related to this research from two aspects, i.e. the traffic characteristic analysis in maintenance work zones and the vehicle behaviour expressing method. Section 3 gives a brief introduction to the data acquisition device and method used in this research. The vehicle behaviour expressing and distribution displaying methods are established in the fourth and fifth section, respectively. Section 6 provides a summary and future course of this study.
Related work

Traffic characteristic analysis in maintenance work zones
Traffic characteristics analysis is a basis for important work such as layout design, traffic control and safety assessment in maintenance work zones. In the past, due to the limitation of insufficient data collection tools, collecting traffic data in maintenance work zones requires manual work and causes errors. Collectors can only make a single point measurement to obtain the traffic volume and distance headway of the observation point. The speed collecting is achieved by calculating the average speed of a short road segment to approximate the speed at that section of the road. Therefore, the researches on the traffic characteristics of maintenance work zones were mainly given to the characteristics of macroscopic traffic flow, analysing the vehicle running speed, traffic capacity, queuing and delay [1] [2] [3] [4] . However, all kinds of complex macroscopic traffic phenomena are caused by the interactions between individual vehicles. At present, we have a very limited understanding of the behaviours of individual vehicles in maintenance work zones [5] . To gain a deeper understanding of the traffic characteristics in maintenance work zones and further improve the work related to maintenance work zones, there is a need to move from a macroscopic level to a microscopic level. With the development of data acquisition technology, this kind of microscopic research becomes possible.
Researchers at the Saxton Transportation Operations Laboratory at FHWA's Turner-Fairbank Highway Research Centre in McLean, VA established a living laboratory in a work zone on I-95 between Springfield and Lorton, VA. Using an instrumented vehicle, they obtained a large amount of behaviour data of vehicles running through the work zone. Based on this data, they studied the carfollowing behaviour traffic characteristics in work zone [6] . Wu used an unmanned aerial vehicle(UAV) and recorded the traffic video of a maintenance work zone, then by means of video analysis, the microscopic behaviour data of vehicles in the maintenance work zone was extracted, and based on the data, Wu studied the lane-changing behaviour of vehicles in maintenance work zones [7] .
Vehicle behaviour expressing method
Expressing vehicle behaviour of the actual driving process consists of two main tasks: (1) extracting time series periods of interest from the entire time series, i.e., the segmentation; (2) identifying the extracted time series periods, i.e., the identification.
For the segmentation, there are two main ways: (1) the combination of vehicle bus CAN data segmentation and (2) endpoint detection automatic segmentation. As for the combination of vehicle bus CAN data segmentation, the endpoints of vehicle behaviour were marked using the vehicle's other signals from CAN [8] [9] [10] . For example, in the literature [9] , braking behaviour starts when the brake lights light on, the behaviour ends when the brake lights light off; when the throttle angle is less than a critical value, the acceleration behaviour begins, and when the throttle angle is larger than the critical angle, the acceleration behaviour finishes. In [8] , the vehicle behaviour time series is divided by the use of brake pedal, throttle pedal and retarder. As for the endpoint detection automatic segmentation, the periods of interest are extracted by analysing the data characteristics of discrete time segments and setting thresholds. Endpoint detection automatic segmentation methods are widely used in digital signal processing. Common methods are the bi-threshold method, correlation method, variance method, spectral distance method and so on [11] [12] . In [13] , an endpoint detection algorithm based on a simple moving average (SMA) of the rotational energy is used for automatic segmentation. In [14] , Bayesian Multivariate Linear Model and change points were used to achieve automatic segmentation. Since the first method requires more complicated equipment to obtain other signals, the second segmenting method was used in this research. We used a sound signal processing method to implement the automatic segmentation of vehicle behaviour time series.
Identification belongs to the classic classification and clustering problem in machine learning. In [9] , researchers compared the performance of unsupervised k-means clustering algorithm and supervised SVM in accelerating, decelerating and turning behaviour recognition, and found that the supervised SVM algorithm to be more robust. In the literature [13] , K-Nearest Neighbours (k-NN) classification method was used to identify 12 kinds of vehicle behaviours such as turning right (90°), turning left (90°), "u" turning (180°) and speeding. Another literature [15] 
Data acquisition device and method
To obtain enough data for this research, PVMBDADs are adopted. This is a 10cm × 7cm × 4cm portable device with a battery making it run independently. There is one GPS, one tri-axial accelerometer and other units integrated into this small device in order to collect the speed, geographical position, time information, acceleration data of three directions and attitude information. While working, the device collects the GPS data in a frequency of 1Hz and accelerometer data in 20Hz. With these sensors, it is efficient to record the microscopic behaviour data of vehicles.
There is a slot shell designed for the device, which can store a highway toll card. If condition allows, with the cooperation of expressway management departments, we can distribute devices together with toll cards to passing vehicles in the entrance toll stations of expressways and recycle devices and cards in the exit toll stations, then the devices can collect the microscopic behaviour data of vehicles all along the way. As China is now vigorously promoting the expressway composite passing cards [16], they will have a very bright application prospect if such composite cards that can obtain the microscopic behaviour data of vehicles are adopted.
Of course, it can also be applied to a naturalistic driving study (NDS) since this device can operate independently. Just put one device on an experimental vehicle then the vehicle can be transformed into an instrumented vehicle and collect the vehicle data in a naturalistic mode. The external appearance and internal structure of the device are shown in Fig. 3 . 
Vehicle behaviour expressing
The typical microscopic behaviour data collected is as shown in Figure 4 below. The acceleration and speed change over time while the vehicle runs. In Fig. 4 , the period where acceleration changes slightly may represent an L&C driving behaviour, while the period with violent acceleration change may mean that the vehicle is taking an accelerating behaviour. The purpose of expressing vehicle behaviour is to identify what behaviour the vehicle is taking in a specific period based on the microscopic data. As introduced in the related work, this task consists of two steps, i.e., segmenting and identifying. 
Automatic segmentation -endpoint detection technology
For vehicle behaviour, accelerating, decelerating and turning have more significant data features than stopping and L&C. After these special behaviour periods are extracted, the rest are stopping and L&C vehicle behaviour periods, which can be identified in a simple way. Thus, the key point of vehicle behaviour time series segmentation is to extract the accelerating, decelerating and the turning periods. For convenience, this paper defines these key periods as periods of interest (POIs). A short-time energy based one-parameter bi-threshold endpoint detection technology is used to carry out the automatic segmentation and extract out the POIs. Since this method was introduced with detail in paper [17] , for more details please refer to the paper. A brief introduction to the main processes is introduced as follows.
Take the longitudinal acceleration ax as an example, as shown in Fig. 5 , figure (a) shows the change of ax with time when a vehicle gets close to a maintenance work zone and figure (b) shows the corresponding change of the short-time energy of ax. As is seen from figure (b) obviously, some of the sections fluctuate greatly, which means that the vehicle takes some types of behaviours (such as deceleration) there. To extract out the section with great fluctuation, a higher threshold T2 is set, then the sections with acceleration larger than T2 is of course POIs. A lower threshold T1 is used to find the finer start and end points of this POI. By the endpoint detection method, this section, that is the segment between the green vertical solid line and the red vertical dashed line in figure (a) can be extracted. The key to the endpoint detection is the setting of two thresholds T1 and T2, i.e., the green horizontal solid line and the red horizontal dashed line on figure (b) respectively. According to different research objectives, there are mainly two methods for determining the values of T1 and T2. The first method is an adaptive method, taking values based on the behaviour data characteristics of each vehicle itself, such as taking 30% of the maximum acceleration of the vehicle behaviour data, or the median, or the average value as the values of T1 and T2. This method is able to shield the difference between vehicles. For example, the change for vehicles of general quality may be very obvious, whereas the acceleration change of the vehicles with high quality may be not obvious. The adaptive method can guarantee the POIs be extracted out regardless of the difference between vehicles. The second method is a determinative method, that is taking determinative values for T1 and T2, for example taking the value of T2 as 1.25m/s2. This method has obvious physical meaning, for example, study shows that when the longitudinal acceleration is larger than 1.25m/s2, the driver or the passengers will feel very uncomfortable [18] , thus the vehicle behaviour with acceleration larger than this threshold is riskier to cause accidents and can be defined as unsafe behaviour. Using this method, the sections extracted are unsafe behaviours, which can be used for work zone safety-related researches. What should be noted is that since the short-time energy is used as the segmentation parameter, the determinative threshold value should be transformed to short-time energy.
In this study, the difference between the x-direction and y-direction acceleration of POIs is obvious, but not significant in the z-direction acceleration. Due to the low sampling frequency, other data is not suitable for this automatic segmentation method. Therefore, the automatic segmentation method is only applied to the x-axis acceleration and y-axis acceleration time series.
Automatic segmentation of different time series is performed independently. After the segmentation process, two different sets of schemes will be generated, i.e., the green x-axis acceleration segmentation scheme and the red y-axis acceleration segmentation scheme as shown in Fig. 6 . There are overlapping periods and their own unique periods corresponding to different vehicle behaviour of the actual driving process. For example, a period with only a large x-axis acceleration may represent a linear accelerating behaviour, a period with only a large y-axis acceleration may represent a turning with constant speed behaviour, and both may represent a decelerating turning. After POIs are extracted using the automatic segmentation technique mentioned above, the remaining periods are either stopping or L&C vehicle behaviour, which can be identified by speed judgment (the purple scheme in Fig. 6 ). In the actual processing, we combined the speed into the x, y-axis acceleration segmentation schemes, and achieved the segmentation and recognition of stopping, L&C, linear accelerating, linear decelerating and turning (the bottom scheme in Fig. 6 ).
Fig. 6. Data combination process
It can be observed that through the automatic segmentation and data combination, the vehicle behaviour time series can be divided into three categories: stopping, L&C and POIs, in which the stopping and L&C vehicle behaviours are determined, while the POIs category is too general. The POIs include eight sub-categories, i.e. L&A, L&D, TL&A, TR&A, TL&C, TR&C, TL&D, and TR&D. So it needs to be further divided by other methods. In this study, the support vector machine (SVM) method is adopted.
SVM based Vehicle Behavior Identification
SVM, as a tool for solving problems in classification, regression, and novelty detection, has been widely involved in various researches. The main idea of SVM is to find a hyperplane as the decision boundary so that the geometric margins between different categories are maximised and the empirical classification error is minimised. SVM is already a very mature method, with good generality, good robustness, high efficiency, simple calculation, and perfect theory [19] . As reviewed in the related work that SVM can achieve high accuracy in behaviour identification, in this research SVM is also used to identify further the POIs extracted by the automatic segmentation technology as L&A, L&D, TL&A, TR&A, TL&C, TR&C, TL&D, and TR&D.
Data acquisition
The establishment of the SVM classification model requires training data and testing data. Measured data was used in this study. Training data was obtained on a specifically selected test road, with excellent pavement condition, a sufficiently long straight line for linear accelerating and decelerating tests, and several different corners for turning tests, as shown in Fig. 7(a) . Test data collecting was carried out on a 10 km long normal road section of Caoan Highway, as shown in Fig.  7(b) . 
. Maps of training and test roads
Before data acquisition, a PVMBDAD was fixed horizontally at the front of the vehicle. The direction of the device was adjusted so that the positive direction of the x-axis acceleration coincides with the driving direction of the vehicle, and the y-axis acceleration direction is consistent with the vehicle's lateral direction, as shown in Fig. 8 .
Fig. 8. Location and direction of the PVMBDAD in a vehicle
In order to accurately record the start and end points of the vehicle behaviour test series, a dedicated Android application (App) was developed for the device. The App was connected to the device via Bluetooth and can show real-time data (longitude, latitude, three-axis acceleration, speed and time) collected by the device. One can quickly select the type of vehicle behaviour to be recorded, then the start and end points will be written into the database timely and in a standard way. The main interface of the App is shown in Fig. 9 .
Fig. 9. Main interface of the App
To eliminate the impact of other factors, the driver, experiment vehicle, device, and the orientation of the device were consistent in the training and test process. The vehicle travelled on the training road several times and the App was used to keep track of the start and end points of the vehicle's behaviour until a sufficient number of test series periods were collected. Then the vehicle ran in a naturalistic mode on the test road, and behaviours were also recorded with the App for calculating the classification accuracy of the SVM model later. A total of 81 valid periods were collected on training road, including 32 L&A, 13 L&D, 7 TL&A, 6 TL&D, 4 TL&C, 5 TR&A, 12 TR&D, and 2 TR&C. A total of 27 behaviour periods were obtained on test road, including 13 L&A, 9 L&D, 3 TR&D and 2 TL&A.
Features
Through the training data acquisition process, data of 8 kinds of vehicle individual behaviours were collected, that is, L&A, L&D, TL&A, TR&A, TL&C, TR&C, TL&D, and TR&D. Based on these data, the accelerations in the x and y directions line chart and the speed line chart are plotted respectively in Fig. 10 . It can be seen that: (1) When the vehicle is moving linearly, the y-direction acceleration fluctuates smoothly near zero; (2) When turning, the acceleration in the y-direction fluctuates greatly; (3) The difference between accelerating, driving with constant speed and decelerating are the trends of the speed curve and the overall value of the x-axis acceleration. 
Training and Verification
There are many off-the-shell SVM toolkits available, and the libsvm package is one of the most famous packages [20] . It has relatively few parameters to be tuned for SVM and provides many default parameters and cross-validation method for parameters optimisation, with which many problems can be solved well. libsvm provides a number of kernel functions, including the linear function, polynomial function, radial basis function (RBF) and a sigmoid kernel function. RBF is used in this paper, which has two parameters C and γ to be tuned. In this paper, the cross-validation and grid search techniques are used to obtain the optimal values of the parameters. The data analysis processes in this paper were operated on Matlab. For detailed algorithm please refer to [20] .
All the 81 groups of training data were chosen as the training data set and the 27 periods of test data were chosen as the test data set. Using the normalized function mapminmax of Matlab, the training data set was normalized to the [0,1] interval [21] , then using cross-validation and grid search method, it is found that when C = 1, γ = 4, the best accuracy can be achieved as 90.1%, thus verified that the SVM model works well in behaviour identification.
Vehicle behaviour distribution displaying
Distribution displaying method
Now that the vehicle behaviour expressing method has been established, for behaviour data time series of any vehicle, by endpoint detection, the POIs can be detected, and by data combination and SVM model, the behaviour of any POI can be identified. There are lots of vehicles running on the road network every day, because of the maintenance work zones, vehicles will take common behaviours and show some patterns in space. Analysing the behaviour data of all vehicles running through work zones and drawing the behaviours on maps, we can get a behaviour distribution of the work zones. However, simply adding all the behaviours of all vehicles on maps cannot show us the real traffic characteristics of maintenance work zones, because the existence of both intra-driver heterogeneity and inter-driver heterogeneity within microscopic data [6] , i.e., a driver exhibits inconsistent driving behaviour when exposed to different driving environments, and different drivers exposed to the same driving environment may behave differently. Here, we use kernel density analysis to cluster periods with similar behaviours on the map, which clearly shows us the general behaviour distribution in work zones. If there is a high-density clustering centre, it means that most vehicles will take a similar behaviour at that location. For example, if there is an L&D clustering centre in front of the work zone, it means that most vehicles will decelerate at that location.
Kernel density analysis calculates the density of point features around each output raster cell. Conceptually, a smoothly curved surface is fitted over each point. The value is highest at the location of the point and diminishes with increasing distance from the point, reaching zero at the search radius distance from the point. The density at each output raster cell is calculated by adding the values of all the kernel surfaces where they overlay the raster cell centre. The kernel function is based on the quadratic kernel function described in Silverman (1986, p. 76, equation 4.5) [17, 22, 23] .
To test the feasibility and performance of methods put forward above, we conducted one experiment and collected the vehicle behaviour data in a maintenance work zone. The work zone was set on the S20 expressway in Shanghai. S20 has a total of 8 lanes in two directions. The task of the maintenance is to repair the joint of the first lane. Two rightmost lanes were closed for the work zone. The layout of the work zone is shown in Fig. 11.   Fig. 11 . The layout of the maintenance work zone For the data collecting process, two private cars were recruited. Each car was instrumented with a PVMBDAD and ran through the maintenance work zone for five times. Then segmenting and behaviour identifying processes were carried out on the microscopic data. At last, use kernel density analysis to cluster periods with the same behaviour type. The kernel density analysis is a common tool in Geography Information System(GIS) software. In this research, ArcGIS is used to carry out the analysis.
To better show the behaviour distribution of vehicles, we adopted two displaying strategies, i.e., using different legends and using a unified legend as is shown in Fig. 12(a) and Fig. 12(b) , respectively. The figures in the legends are all kernel density values, which indicates the percentage of vehicles taking the same behaviour. Carrying out the same kernel density analysis to the extracted behaviour segments of a road section where 100% vehicles take the same behaviour (e.g., on a flat and straight road section with good traffic condition, all vehicles take the L&C behaviour), a maximum kernel density of 10.94×10 9 can be got. Then other kernel density values can also be transformed into vehicle percentage by Formula 1. The kernel density values and the corresponding vehicle percentages used in the unified legend are shown in Table 1 . For example, when the kernel density value takes 4.5×10 9 , the corresponding vehicle percentage is 41.1%, that means for ten vehicles running through that position, nearly four vehicles will take the same behaviour there.
= 4.5×10 9 × 100 Formula 1 (1) When different legends are used, the main purpose is to show their own unique distribution characteristics of different vehicle behaviours. It can be clearly seen that there are mainly six types of vehicle behaviours when the vehicles pass through the maintenance work zone, i.e., L&A, TR&A, TL&C, TR&C, L&D and L&A. The locations of distributions of various vehicle behaviours in the maintenance work zone are also very obviously displayed on the map, for example, the TL&A behaviour is mostly distributed in the upstream transition area, the TR&A behaviour is mainly distributed in the termination area, and the L&D behaviour is primarily distributed in the warning area and the upstream transition area. This displaying method can examine the effects of traffic control, such as speed limit control and traffic channelisation. As is seen from the distribution map of L&D that vehicles only decelerate until they are close to the maintenance work zone, so the variable speed limit effect is not obvious. As for the traffic channelisation, if the total number of types of vehicle behaviours is not changed after the channelisation measures are taken, it may indicate that the channelisation effect is not satisfactory, or if the number is found to be significantly reduced, it means that the channelisation effect is very good. Finally, the distribution of vehicle behaviour can show us how vehicles actually travel in the maintenance work zone, whether the distributions are consistent with our previous assumptions to provide a reference for the improvement work of maintenance work zone design.
(2) When a unified legend is used, it is mainly to compare the proportions of different vehicle behaviour distributions and intuitively display them. It can be seen that the L&A and L&D are the main behaviours in the six types of vehicle behaviours, followed by TL&A behaviour and TL&C behaviour. Others such as the TR&A and TR&C behaviours are relatively less distributed. The proportions tell us what should be paid attention to. For example, if some channelisation measures are taken to reduce the less-distributed behaviours, the traffic flow will be more consistent and the travelling efficiency will be improved.
Discussion
The following issues are further discussed as follows: (1)As can be seen from the above figures, this method is an effective complement to existing traffic characteristic analysis methods. Existing methods can only describe the macroscopic traffic characteristics in a few discrete cross-sections of the road, but the method of this paper can obtain a continuous distribution map, and show how the vehicles operate in the maintenance work zone clearly at a glance. Though the distribution map got by kernel density analysis to individual behaviours is also a kind of macroscopic traffic characteristic, it is fundamentally different from the existing macroscopic traffic characteristics analysis. Because the method in this paper carries out a detailed analysis to each vehicle individual first and then obtains the common pattern exhibited by all individuals, whereas the existing analysis methods lack the step of detailed analysis to the individuals, so there is no way to obtain the above-mentioned continuous and fine effect.
(2)Using the kernel density analysis, the common distribution pattern of the vehicle behaviours in space can be displayed. The advantage of the kernel density analysis is that it can reflect the vast majority of cases, and shield out individual outliers. Therefore, even if there is an identification error happened in the SVM behaviour identification process, or the vehicle experienced an abnormal situation, it will not affect the final distribution. Therefore, the method for expressing and displaying the behaviour distribution put forward in this paper is most suitable for studying the influence of maintenance work zones on the behaviour distribution, analysing the distribution pattern and the distribution change regulation and then proposing new safety assessment method and improved design concept.
(3)The functions of using different legends and unified legend are shown in Section 5.1. In summary, using different legends, each behaviour distribution can be displayed in detail, which is mainly used to analyse the spatial distributions of vehicle behaviours; Using the unified legend, the proportions of different vehicle behaviour distributions can be compared to show the factors that should be paid attention to in maintenance work zones.
(4) Endpoint detection is the key of this method, especially the setting of two thresholds can achieve different results. As introduced in the vehicle behaviour expressing method, there are mainly two methods for determining the values of T1 and T2, the adaptive method and the determinative method. For the adaptive method, it can extract all the POIs out regardless of the differences between vehicles, while using different legends, all the behaviours distribution can be displayed on maps with details. As for the determinative method, unsafe behaviors can be defined and extracted, combined with the unified legend, which can be used to study the unsafe behavior distribution characteristics, especially to study the impacts of factors of maintenance work zones on the distribution of unsafe behaviors and propose novel method for safety assessment for maintenance work zones to correct safety hazards and improve maintenance work zone design concepts and methods.
(5)An actual data collection in a maintenance work zone was carried out in this research and two instrumented vehicles were recruited, which is enough for just demonstrating the method proposed in this paper. However, in order to achieve more accurate distributions in practice, it is best to acquire all or most of the microscopic behaviour data of vehicles travelling through maintenance work zones. If condition permits, making use of the PVMBDADs together with highway toll cards is the better solution. If not, try to recruit more vehicles with PVMBDADs instrumented and run through the maintenance work zone for more times, and a satisfactory accuracy of the distribution results can also be achieved.
Summary and prospect
By means of portable vehicle microscopic behaviour data acquisition devices, the microscopic behaviour data of vehicles running through work zones was collected. An endpoint detection technology was used to segment the behaviour time series dynamically. Then the corresponding behaviour type of each segment was identified by a SVM algorithm. Finally, kernel density analysis was carried out to cluster similar behaviours and show the general distribution of behaviours in maintenance work zones. Practice verified that the SVM identification algorithm could achieve high accuracy, combined with the dynamic segmentation, it can express the vehicle behaviour accurately. The kernel density analysis works well in clustering similar behaviours and shows the general distribution of vehicle behaviours in maintenance work zones. The behaviour distribution maps can intuitively reflect the traffic characteristics and show the effect of traffic control in maintenance work zones.
Next, we will further define and extract unsafe behaviours, study how maintenance work zones affect the unsafe behaviour distributions exactly and make clear their distribution characteristics and distribution change regulations, which will shed light to novel maintenance work zone safety assessment methods.
